A distributed hydrologic model of an urban watershed in the northeast U.S. is combined with a genetic algorithm (GA) to optimally locate best management practices for stormwater management (BMPs). The goal of the study is to introduce a methodology for describing the tradeoff between reducing the peak streamflow at the basin outlet and the number and location of BMPs required for such a peak flow reduction. The hydrologic model integrates the Soil Conservation Service Curve Number (SCS-CN) method with a digital hydrologic network model of the watershed. The distributed model represents the watershed as a system of 4,533 hydrologic response units (HRUs). The hydrologic model is an event based distributed model, which includes surface runoff, unsaturated and saturated components linked by the network of HRUs. BMPs are conceptualized as elements that alter the CN of the HRU where they are applied. The results suggest that more than 20 percent of the peak flow reduction can be achieved by installing fewer than 200 BMPs in the watershed. The maximum peak flow reduction achievable is 31 percent.
Introduction
A methodology for the optimal location of best management practices (BMPs) in an urban watershed is presented. The methodology is applied to an urban watershed in the northeastern United States with the goal of minimizing the peak flows recorded at the outlet of the watershed during rainfall events.
A distributed hydrologic model of the watershed is introduced to simulate streamflow during a precipitation event and to simulate the effect of any spatially distributed set of BMPs on the resulting streamflow response. Because the model is distributed, it captures the spatial heterogeneity of hydrologic characteristics across the watershed, and it represents the hydrologic network (connectivity) of the watershed. BMPs are implemented in the model as decision variables.
The distributed hydrologic/optimization model is developed using EXCEL, and a genetic algorithm (GA), Evolver 4.0© is used to select the areas within the watershed where the installation of BMPs would be most effective, viz. to find the combination of BMPs such that it decreases the peak flow at the outlet by a given percentage while simultaneously keeping the total number of BMPs as small as possible. Minimizing the number of BMPs acts as a surrogate to the reduction of the overall project costs.
Background Information
The watershed considered here is the Aberjona River watershed, located 20 km northwest of Boston, Massachusetts, in Middlesex County. It has a drainage area of 65.5 km 2 . The Aberjona River watershed is highly urbanized: 53 percent of its land use is residential and 23 percent is industrial or commercial. Highly developed watersheds may experience flooding more often than they did prior to their urbanization. The effect of best management practices (BMPs) to mitigate the effect of urbanization on the peak flow is studied. BMPs are structural or nonstructural approaches designed to mitigate as much as possible the environmental impacts of urbanization. The common denominator between BMPs is that they tend to be located as near as possible to the source of the problem that they attempt to mitigate. This is the main difference between BMPs and other (end-of-pipe) structures designed to achieve the same goals. This concept of immediate or source remediation is what makes BMPs the environmental solutions of the 21 st century, different from end-of-pipe remediation strategies of the past.
The goal of this study is to present a methodology to optimally locate BMPs within a watershed with the goal of maximizing the potential reduction in peak flow at the watershed outlet. Examples of BMPs that achieve peak flow reduction are infiltration trenches, pervious pavement, buffer strips and bioretention basins. The goal of this study is to select the areas where such BMPs would be most effective at reducing watershed runoff, rather than to define, or design the type of BMPs that would perform best for a particular purpose.
Literature Review
Optimal location and sizing of BMPs is often presented as a multiobjective optimization problem, as in Dorn and Ranjithan (2003) because one often wishes to minimize costs of BMP implementation while simultaneously maximizing the impact of those BMPs on the environment. Optimization of BMP size and location is a relatively new problem hence there is little literature on the subject. Other recent BMP optimization studies include Srivastava et al. (2002) , Veith et al. (2003) , and Schleich and White (1997) .
The idea of this study is to develop the Pareto frontier which describes the frontier of optimal solutions where solution is defined as the total number (as a surrogate of costs) and location of BMPs required and the reduction in the peak flow attained by implementing those BMPs. Dorn and Ranjithan (2003) compared two GA procedures: Nondominated sorting algorithm II NSGA-II, and an iterative application of a hybrid GA/local search method, to solve this type of problem, for determining the tradeoff between total phosphorus and urban area.
Minimization of the cost of BMP implementation requires either assigning costs to BMPs, or locating BMPs, or both. In such cases the objective function usually contains decision variables that involve the dimensions or size of the BMPs; it might also contain dummy variables to decide which BMPs are installed and which are not. Examples of BMP optimization algorithms which include costs include Elliot (1998), and Schleigh and White (1997) . In those cases the results of the optimization provide estimates of the size of the BMPs (or estimates of the loads that must be removed by the BMPs) and their locations to achieve certain environmental goals. With this type of approach, it is feasible to link the optimization to a lumped water-quality model (as in Dorn and Ranjithan, 2003) or to a lumped hydrologic model to estimate the effects of the BMPs on the environment.
Studies focused in the optimal allocation of BMPs may be confused with procedures to detect areas responsible for generating a particular environmental problem. Wang and Jin (2001) , and Chang et al. (2001) are examples of these, typically GIS-based studies. Such studies are usually not linked to a water quality or stormwater runoff model able to simulate the spatial distribution of runoff or pollutant loads. They can detect source areas responsible for a particular problem, but cannot specify where the solutions, or BMPs, must be allocated to achieve a particular set of environmental objectives. For such problems, a distributed simulation/optimization model is required, in addition to the type of spatial information provided by GIS methods.
Finding the Pareto frontier between costs and impacts can become an enormous computational problem, as the number of decision variables increases. Creating the Pareto frontier is also usually a non-linear constrained optimization problem, although linear programming (LP) techniques can sometimes be used, depending on how the problem is formulated (as in Schleigh and White 1997).
Distributed Hydrologic Modeling Approach

Hydrologic Model Overview
In this section a fully distributed hydrologic rainfall-runoff model is introduced. It is easily implemented within EXCEL using Visual Basic. The model consists of a system of 4,533 hydrologic response units (HRUs) that represents the hydrologic flownet of the watershed. Each HRU is a prism with a120 m × 120 m base and a specific depth that depends on the maximum storage capacity of the HRU. HRUs are connected in a way that the water flows following the direction of the maximum topographic slope.
During a storm event simulation, every HRU receives an input of precipitation at each time step. A percentage of this input infiltrates into each HRU; the water excess becomes direct runoff, which enters the immediate downslope HRU, at the next time step, in addition to the precipitation. The infiltrated water enters a storage compartment, which is characteristic of each HRU. The model allows the water to exit this compartment (ground water flow simulation) and enter into the storage compartment of the downslope HRU. Figure 1 is a sketch of the movement of the water through two adjacent HRUs.
If an HRU contains a portion of a main river channel, the runoff produced by this HRU reaches the outlet of the watershed after a time lag (characteristic of the HRU) without entering any other HRU. The model uses the Soil Conservation Service Curve Number (SCS-CN) method to calculate the maximum storage capacity of each HRU, and the amount of runoff produced by each HRU at each time step.
To build the model it is also necessary to define the flow direction assigned to each HRU. The flownet required by the model is built from the flow direction information using the D8 algorithm (O'Callaghan and Mark, 1984) together with the geographic location of each HRU. The spatial characterization of the HRUs within the watershed (position, CN, and elevation) was performed using ArcGIS© and then converted and imported into EXCEL. BMPs are introduced in the model as binary variables which decrease the CN of the HRUs by five units, when installed.
Hydrologic Model Formulation
The hydrologic model uses the SCS-CN equation in each HRU to calculate the precipitation excess. A calibration parameter 2 that multiplies the maximum storage capacity of each HRU (S max ) is introduced to account for the effects of cell-sizebecause the equation is non linear, different results are obtained when comparing runoffs from an area treated as a unit or the same area treated as a component of fractional subareas. 2 also accounts for differences in the soil moisture content. In (1) S max is the maximum volume of retention or maximum storage capacity. P e is the effective precipitation or the direct runoff. P is the precipitation, and I a is the initial abstraction. S max is calculated from the curve number (CN) using:
with S max in inches. In our approach, S max of a HRU located in column i, row j, (S max i,j ) is a function of the CN of the HRU (CN i,j ) , the value of the BMP variable (BMP i,j , which is 0 if no BMP is located in position i,j and 1 otherwise), the area of the HRU (A), and the coefficient 2 :
The SCS-CN equation suggests for calculating the initial abstractions I a = 0.2 S max . We allow the use of a coefficient other than 0.2:
The SCS method is then applied to each HRU at each time step, in a timely distributed version as shown in Chow et al. (1988) . The cumulative precipitation PA i,j of the HRU located in position (i,j) at time t is calculated as:
In (5) PA i,j,t is the cumulative precipitation in HRU i,j at time t; PA i,j,t-1 is the accumulative precipitation on the same HRU up to the previous time step; P t is the total precipitation on the HRU at that time step; Q i,j,t-1 upslope is the runoff at the previous time step from upslope HRUs that contribute to HRU i,j; and QE i,j,t-1 is the saturation excess water from HRU i,j at the previous time step. The infiltration for each HRU (INF i,j,t ) is calculated as the difference between inputs (from precipitation and upslope contributing HRUs) and output (runoff of each HRU), at each time step. The pre-storage level at each HRU ( PS i,j,t )is calculated as:
S i,j,t-1 is the storage of HRU i,j at the previous time step and BF i,j,t-1 upslope is the baseflow at the previous time step from upslope HRUs. The initial storage conditions S o are introduced as a percentage of the S max of each HRU using: 
where r and h are linear rate parameters controlling the rate of groundwater outflow from one HRU to another. After the runoff and the baseflow from each HRU at each time step are computed, they are routed to the immediately downslope HRUs determined by the flownet-defined by the D8 algorithm.
Hydrologic Model Calibration and Validation
The hydrologic model was calibrated for several precipitation events using precipitation data from two stations within the watershed, the gauge located at the USGS gauging station on the Aberjona River (Winchester, Mass.) and the NOAA-NCDC weather gauge at Reading, Mass. Both stations record 15-min. precipitation data. The streamflow hydrograph output from the model was compared to the observed hydrograph, recorded at the USGS gauge, which is located near the outlet of the watershed.
The calibration process involves finding values of 2 , , r, S o , and h that can reproduce the observed hydrograph for an assumed time step and a stream travel time. The model parameters are quite robust, meaning there is only one set of parameter values for the calibration parameters that provide a good fit.
Optimization of BMP Locations
A genetic algorithm (GA) was used for the BMP optimization problem. Its role was to generate different BMP scenarios with the objective of maximizing the peak flow reduction of the October 15 of 2003simulation event, having a peak flow of 200 cfs. Several optimizations were performed to determine the Pareto frontier, which describes the relationship between the optimal number of BMPs and optimal peak flow reduction. The number of decision variables coincides with the total number of HRUs: 4,533. Therefore the total number of combinations is: 2 4,533 , which is equal to10 1,364.57 resulting in an enormous computational burden. To reduce the number of possible combinations, the number of decision variables was restricted to those HRUs that met the following criteria: a) Any HRU with CN greater or equal to 89. b) Any HRU with CN greater or equal to 70 and no more than two HRUs in any downstream direction from the HRU connecting to the river.
Criterion a) targets the most impervious HRUs of the watershed. Criterion b) targets the HRUs that cause significant runoff with less chances of being intercepted (and hence leading to infiltration) by downslope areas, due to their proximity to the river. 1,904 HRUs meet both criteria a) and b). The peak flow reduction obtained with BMPs in those 1,904 HRUs is 30.8 percent. The peak flow reduction obtained with BMPs allocated in all 4,533 HRUs is 31.2 percent. Clearly, the remaining 4,533-1,904=2,629 BMPs have only a marginal impact on flow reduction. For this reason the study was constrained to the 1,904 HRUs that met the above criteria. After setting the a priori constraint that fixed the total number of BMPs to a certain value n, the feasible region was reduced to the following number of combinations:
The feasible region described in (9), though finite, is still extremely large hence we do not expect the GA to find a global optimal solution to even this reduced problem. Figure 3 illustrates the tradeoff curve found with the GA, and Figure 4 
Optimization Results
Summary and Conclusions
A distributed rainfall-runoff model is combined with a genetic algorithm (GA) to find the optimal location of best management practices (BMPs) for reducing the peak stormwater discharge at the watershed outlet. The distributed rainfall-runoff model uses the well-known SCS-CN equation to calculate runoff in each of the 4,533 hydrologic response units (HRUs) into which the watershed has been divided. BMPs are introduced in the model as binary variables, one for each HRU, and represented as a reduction in the CN value for that HRU. The GA has been used to generate different numbers of BMPs using different spatial distributions of BMPs with the objective of maximizing the peak flow reduction at the watershed outlet.
The use of the GA with the distributed hydrologic model enabled a determination of the tradeoff between peak flow reduction and the number and location of BMPs. Here the number of BMPs acts as a surrogate for cost. The result is a tradeoff curve as well as a set of maps that illustrate the spatial distribution of the combination of BMPs that maximizes the peak flow reduction for a fixed number of BMPs (cost). The results indicate that 20 percent of the peak flow reduction can be achieved by installing less than 200 BMPs. The areas of the watershed corresponding to the optimal location of most of the BMPs corresponded to the intersection of main highways and their associated commercial and industrial developments.
The solutions provided by the GA are not strictly inclusive. For example, the location of the optimal 25-BMPs solution is not entirely included within the location of the optimal 50-BMPs solution, however the solutions are nearly inclusive. The factors that affect the location of effective BMPs include various features associated with each HRU including its CN, its contributing area, its distance to the stream channel, and the lag of time between the HRU and the watershed outlet. The relationship between these factors is quite complex and as a result, no simple decision rule was obtained. Instead, it appears necessary to use a GA or other efficient nonlinear constrained optimization algorithm to solve this class of problem.
